Abstract Lung cancer is pointed as the major cause of death among patients with cancer throughout the world. This work is intended to develop a methodology for diagnosis of lung nodules using images from the Image Database Consortium and Image Database Resource Initiative (LIDC-IDRI). The proposed methodology uses image processing and pattern recognition techniques. In order to differentiate between the patterns of malignant and benign nodules, we used phylogenetic diversity by means of particular indexes, that are: intensive quadratic entropy, extensive quadratic entropy, average taxonomic distinctness, total taxonomic Department of Computer Science, Pontifical Catholic University of Rio de Janeiro -PUC-Rio, R. Marquês de São Vicente, 225, Gávea, 22453-900, Rio de Janeiro, RJ, Brazil distinctness, and pure diversity indexes. After that, we applied the genetic algorithm for selection of the best model. In the tests' stage, we applied the proposed methodology to 1405 (394 malignant and 1011 benign) nodules. The proposed work presents promising results at the classification into malignant and benign, achieving accuracy of 92.52%, sensitivity of 93.1% and specificity of 92.26%. The results demonstrated a good rate of correct detections using texture features. Since a precocious detection allows a faster therapeutic intervention, thus a more favorable prognostic to the patient, we propose herein a methodology that contributes to the area in this aspect.
Introduction
It is estimated a yearly increase of 1.8 million new cases of lung cancer throughout the world, and lung cancer already corresponds to 13% of all the cancer cases all over the world. Out of the more than 100 types of cancer, lung cancer is responsible for the highest mortality rate [5, 32, 41] . A lung nodule is defined as a nearly spherical opacity with up to 3 cm in diameter, surrounded by the pulmonary parenchyma [18] . Lesions larger than 3 cm are called masses and are often malignant [15, 17, 18] . Most of lung cancer cases are related to smoking (representing around 80% of the cases), by aging of society, industrialization, urbanization, pollution, and bad lifestyle [5] .
The most effective manner to defeat lung cancer is the early diagnosis and treatment. If precociously treated, the post-diagnosis survival rate increases about 90% [25] . One of the most effective diagnosing methods is the image exam. The computed tomography (CT) is an affordable exam which provides good-quality images, and which is used in the analysis of several lesion types, including lung lesions. However, the analysis of a CT is a sensitive task which demands too much of the expert, since it is a repetitive and tiring process, with high possibility of errors due to the large number of images to be analyzed [26, 26, 32] .
The early detection of lung cancer allows an anticipated and faster therapeutic intervention, providing the patient with a more favorable prognosis [40] . Various computational tools that employ digital image processing and pattern recognition techniques have been constantly explored. Those techniques have been used together to develop computer-aided detection (CAD)/computer-aided diagnostic (CADx) systems [48] . Such tools aim at increasing the precision of diagnosis, providing the expert with a second opinion since additional information results in a more precise diagnosis.
In most CADx methodologies, the feature extraction stage is based on: (1) geometry, which measures, for example, how circular the candidate is, and (2) on texture, that describes aspects of the candidate based on its gray levels distribution. In order to characterize the lung nodules, we only used texture descriptors. For such, we employed phylogenetic diversity indexes.
Diversity is a term frequently used in ecology. The objective of a diversity index is to describe the variety of species present in a community or area [27] . Phylogeny is a branch of biology concerned with studying the evolutionary relationships between species, by verifying the relationships among them, in order to determine possible common ancestors. A phylogenetic tree, or simply a phylogeny, is a tree in which the leaves represent the organisms and the internal nodes represent possible ancestors. The edges of the tree denote the evolutionary relationships [6] .
In order to characterize texture, we used five diversity indexes, namely: (1) the intensive quadratic entropy index, which represents the phylogenetic difference between two randomly chosen species; (2) the extensive quadratic entropy, which indicates the sum of all the distances between the pairs of species; (3) the average taxonomic distinctness, in which we have the distance between two randomly chosen species; (4) the total taxonomic distinctness, which allows us to verify the sum of the mean phylogenetic distinction between all the species; and finally (5) the pure diversity, which is computed as the distance between neighbor species. These indexes are based on the phylogenetic diversity (number of edges) from the structure of a tree rooted as a dendrogram.
Our work brings direct contributions to some fields. In the medical field, our contribution is the development of an automatic system for pulmonary diagnosis through the analysis of the texture of the nodule. In the computer science field, we contribute in the following aspects: (a) in the use of texture measures based on the intensive quadratic entropy, extensive quadratic entropy, average taxonomic distinctness, total taxonomic distinctness, and pure diversity indexes, and (b) in the use of phylogenetic trees for characterization of lung nodules.
Others studies [8, 10, 11, 23, 24, 28, 28, 30, 31, 44] , have been conducted concerning the diagnosis of lung nodules as malignant and benign, with the goal of increasing accuracy rates of CADx systems for detection and diagnosis of lung cancer. Tables 4 and 5 present a recent literature review in the area of diagnosis of lung nodules, showing the following details: work, techniques, database, and results. Since it is a complex task, most of these works do not only use texture descriptors to classify lung nodules into malignant and benign. Instead, they combine texture and shape descriptors, using them as complementary analyses [10, 11, 24, 44] . In most of the nodules and non-nodules manually classified by the experts, delimiting a region is quite bigger than the real area/volume of the nodule or non-nodule, or does not match its real shape. Another problem is that most CAD systems uses segmentation techniques that generate candidate regions with very similar shapes [3, 29] , which may lead to incorrect classifications. Besides these works, there are some other studies that the intratumor heterogeneity of the lung nodule, which allows, for example, based on the analysis of the texture of the lesion, to know which chemotherapeutic agent is more suitable [16] . For these reasons, our methodology employs only texture descriptors to characterize each lung nodule. This paper is organized as follows. In "Materials and Methods" we present the methodology used to classify nodules extracted from CT into malignant and benign, using the texture-based extraction of features, selection of the best model by genetic algorithm and classification by of the Support Vector Machine. In "Results and Discussion" and "Discussion," we show and discuss the results achieved by the proposed methodology. Finally, in "Conclusion," we present the final remarks about this work.
Materials and Methods
In this section, we describe the methodology used to classify lung nodules into malignant or benign. Figure 1 summarizes the four stages followed by our methodology. In the first stage, we perform the acquisition of the images from the LIDC-IDRI database [1] . In the second stage, we have the extraction of nodules based on the experts' markings. Then, the feature extraction is applied to the nodule. At the end, we have the selection of the best model, classification, and validation of results. 
Image Acquisition
The image database used in this work is the LIDC-IDRI [1] , which is available on the internet as a result of an association between the Lung Image Database Consortium and the Image Database Resource Initiative with 1018 CT scans. The CT was acquired in different tomographies. This increases the difficulty for the classification of the lung nodules. The database has XML format files that contains markings of nodules contained in each exam made by four experts, besides some characteristics such as sphericity, texture, malignancy, etc., indicated by values from 1 to 5 representing the diagnosis given by each specialist regarding to that characteristic of the nodule. For example, in the case of the malignancy, the closer to 5 the specialist has noted, the greater the probability of the nodule is malignant, and the closer it is to 1, the greater the likelihood of being benign.
There is no imposition for consensus, all nodules indicated by the radiologists revision are taken into account and recorded. Therefore, it is possible to have different diagnosis for the same nodule. In this work, it is considered only one instance per nodule, with the objective of minimizing the impact of subjectivity in exams. The classification regarding malignancy or benignity is obtained first with the calculations presented in [22] , which summarizes into one single value the nodular features made by up to four specialists through computing the mode or the median, i.e, when mode is repeated, the median is used to select which region is used for analysis. According to the result of this summary, in this work it is considered that malignant nodules are those cases which present malignancy semantic values of moderately suspicious or highly suspicious, and benign nodules are those cases which present characteristics of highly or moderately indicated benignity. As contour, it adopted the one that contains larger bounds. As a total, there were 1405 nodules obtained (1011 benign and 394 malignant).
Segmentation of Nodules
In order to segment nodules, we obtained contour information supplied by an XML file, which contains the coordinates of the nodules together with the analysis of each specialist. However, the segmentation used in this work is a summary, as presented in "Image Acquisition," in which only the larger bound is chosen to represent the instance of the nodules described through markings made by up to four experts.
Feature Extraction
After the acquisition, the nodules are subjected to the texture-based feature extraction stage. In order to describe the texture of the nodules, we used indexes that compute the distances between pairs of species. These indexes consider the phylogenetic distance, computed from the tree architecture presented in Fig. 3 . In order to build and organize the tree, we need to be aware of which species are present in the nodules. The species are represented by the Hounsfield units (HU) present in each nodule.
Next, we describe the fundamentals of how the tree was organized and of the diversity indexes.
Phylogenetic Tree -Dendrogram
Phylogenetic trees are used in Biology to describe the evolutionary phylogenetic relations between species. In these trees, the leaves represent the species and the nodes represent the common ancestors. So, it is possible to establish an evolutionary connection between the species under study. The dendrogram is a graphical representation which can be used to describe the phylogenetic relation between species and their ancestors [43] .
These trees allow the extraction of indexes that connect diversity and parenthood between species [38] . Figure 3 presents an example of the phylogenetic tree, represented by an inclined dendrogram. In this tree, the leaf nodes are the analyzed species, the internal nodes correspond to some common ancestor, and the edges indicate the phylogenetic distance between two species. By means of phylogenetic trees, we can compute taxonomic indexes that connect the species of a community.
In order to establish the division of the species in the dendrogram, we first adopted a strategy based on the texture of each nodule, that is, establish a form of parenthood Fig. 2 Four iterations of the Otsu algorithm to separate the original ROI until there is only one species on each leaf. In a, the first iteration; in b, the second iteration; in c, d, the third and fourth ones based on the similarity between species. For such, we used an automatic segmentation strategy based on the Otsu algorithm [47] .
First, the Otsu algorithm segments the nodule into two regions of interest (ROI) based on their texture properties. Based on the thresholds generated by the Otsu algorithm, we have two ROIs: left ROI, which contains all the species (voxels) smaller than or equal to the threshold; and right ROI, which contains all the species greater than the threshold. The left ROI is then segmented once more by the Otsu algorithm, producing two new ROIs (right and left). This procedure is recursively repeated for every resulting ROI, both left and right, until the number of species present in each ROI is 1. Figure 2 exemplifies this division.
With the procedure of separation of the species contained in the ROI, such as show in Fig. 2 , we obtain the dendrogram ( Fig. 3) with its species and phylogenetic features (Fig. 4) .
Having the dendrogram established, the phylogenetic diversity indexes can be computed in order to measure the phylogenetic relations between the species in the community. Next, we present the diversity indexes used to describe the texture of the lung nodule. Fig. 3 Dendrogram generated from the ROI is shown in Fig. 2 
Distance-Based Phylogenetic Diversity Index
Several studies in ecology, specially the large-scale ones, depend on the richness of species as a measure of biodiversity. However, richness of species by itself can be limited as an indicator of biodiversity, since it treats every species as if they were equal, and it does not take the phylogenetic relationships into account [43] .
In [37] , it was shown that biodiversity points throughout the world present much more evolutionary history than one could find by just using richness of species. The work by [19] demonstrate that the phylogenetic relationships are among the most important factors the determine the extinction of species, and, in [42] , they showed that the degree of phylogenetic distance can determine the success of the invasion of exotic species and sub-species. For this reason, phylogenetic information can represent a better indicator of preservation than using richness of species by itself. The application of information obtained from phylogenetic relationships is therefore a promising approach [45] .
The studies that verify the distance relationships between pairs of species are based on a matrix that contains all the species of a community. The distances can be based on morphological or functional differences [21] , on the length of the branches of the phylogenetic relationships based on molecular data [33, 39] or, if the lengths of the branches are unknown, on the number of nodes that separate each pair of species [13] . The values inside the distance matrix can be interpreted as the distinction between each pair of species or between a particular species and all the others [20, 34] . In our work, the distances will be represented by the number of nodes between the species.
The five indexes used to describe the texture of lung nodules are based on the distances between the pairs of species. These indexes are the intensive quadratic entropy [20] , the extensive quadratic entropy [20] , the average taxonomic distinctness [6] , the total taxonomic distinctness [7] , and the pure diversity measure [14, 46] . Fig. 4 Ilustration of how to choose the best training model [3] The intensive quadratic entropy (J) was firstly proposed by [20] in order in establish a possible connection between the diversity indexes and biodiversity measurement indexes. When we have the same values of abundance (hypothetical or formal), the index J (Eq. 1) will be a function that represents the number of species and their taxonomic relationships. This way, it expresses the mean taxonomic distance between two randomly chosen species and, so, the relationships between the species affect the value of J, which does not happen in other diversity indexes [20] .
where d i,j represents the distance between the species i, j , and s represents the number of species. Concerning the properties of the index, monotonicity is a property which is generally necessary for diversity measurements. So, if we represent a certain measure by I, this property means that: I (A ∪ {x}) > I(A). This makes sure that the value of the index will raise if we add a new species x to a set of species A. The index J does not meet this requirement. So, it is not an ideal index. To overcome this problem, based on the index J, we apply the extensive quadratic entropy, F [20] , which represents the sum of the differences between the species. The monotonicity is applied to the index F since, for any set of species A and a new species x, the value will change. Eq. 2 defines the index F.
where d i,j represents the distance between the species i and j . The average taxonomic distinctness (AvTD) [6] and total taxonomic distinctness indexes (TTD) [7] were originally developed based on taxonomic relationships. However, they can be easily adapted to phylogenetic information [36] . AvTD is the mean taxonomic distance between any two species randomly chosen [6] . TTD, in turn, represents the sum of average phylogenetic distinctness for all the species. Equations 3 and 4 refer to these indexes, respectively.
In both Eqs. 3 and 4, d i,j represents the distance between the species i and j , and s represents the number of species.
Finally, we have the pure diversity measure (D D ) [14, 46] , which checks the distance from a species to its closer neighbor.
where d i min is the smallest distance from a neighbor species i to all other species. The phylogenetic tree pooled with intensive quadratic entropy, extensive quadratic entropy, average taxonomic distinctness, total taxonomic distinctness, and pure diversity indexes are used in biology to compare behavior patterns of species in different areas. In order to implement this idea, the first step is to make a correspondence between the terms used in biology and those used in our methodology. Table 1 shows this correspondence.
The indexes presented were used as texture descriptors to characterize each lung nodule.
Selection of the Best Model
It is common to find methodologies in the literature that use techniques to select the most significant features to generate a training database. We chose to use the genetic algorithm (GA) proposed by [3] to select the best individuals to generate the model that will be used in the classification. The GA proposed by [3] to select the best individuals can be summarized in the following steps:
1. Form the basis of analysis (AB) starting from the set of all feature vectors of each nodule obtained in the image acquisition ("Image Acquisition"). 2. Each element in the A1 matrix contains the position of a features vector extracted from a benign nodule in the AB. 3. Each element in the A2 matrix contains the position of a features vector extracted from a malignant nodule in the AB. 4 . The values contained in the A1 and A2 matrices are modified by mutation and the crossover genetic operators, whereas the values cannot be repeated. This means that A1 elements may not be present in A2, or vice versa. The genetic operators of crossover and mutation do not match data matrices. 5. The feature vectors selected in A1 and A2 for each individual in a generation are trained by the support vector machine (SVM) [9] . The SVM is also used to test the feature vectors in the AB that were not selected. The sum of specificity, sensitivity and accuracy is used to measure the fitness of each individual. This process is repeated for 500 consecutive generations of that best individual until the fitness be the same. 6. At the end of evolution all feature vectors, whose positions are contained in the A1 and A2 matrices of the individual with the best fitness in the last generation, form the best training model. 7. The last step is to validate the selected model by means of a classification using the remaining nodules of the base. And then, calculation of sensitivity, specificity, and accuracy is made. Doing so, it is possible to measure the quality of the model.
Pattern Recognition
After finishing the feature extraction stage and the selection of the fittest individuals, nodules are classified as malignant or benign. The feature vectors are obtained by means of the proposed shape analysis. These values are used by the SVM classifier with the radial base function (RBF) [35] . SVM is a powerful, state-of-the-art algorithm with strong theoretical foundations based on the Vapnik-Chervonenkis theory. SVM has strong regularization properties. Regularization refers to the generalization of the model to new data. This characteristic was the main reason for choosing this classifier in our work. The accuracy of an SVM model is highly dependent on the selection of kernel parameters such as C and λ. We used the LibSVM software [4] to estimate both these parameters. All values of the sample were normalized between −1 and 1 to improve the performance of the SVM to guarantee a shorter processing time without mischaracterizing the original value of the feature [9] .
Results Validation
After the conclusion of the pattern recognition stage, it is necessary to validate and discuss the results. This methodology uses metrics commonly applied in CAD/CADx systems for performance analysis of systems based on image processing, namely: sensitivity, specificity, and accuracy [9] . In [12] , another way of measuring the performance of computer-based detection techniques is used, receiver operating characteristic (ROC) curves. A ROC curve indicates the true positive rate (sensitivity) as a function of the false positive rate (1−specificity).
Results and Discussion
In this section, we present the results achieved by the proposed methodology at the diagnosis of lung nodules, as described in "Materials and Methods." The strategy for analysis of the results is the following: (1) acquisition of the images used to train and test the methodology; (2) description of how the process of feature extraction occurred; (3) execution of tests with the SVM for each index shown in "Feature Extraction." We used the genetic algorithm described in "Selection of the Best Model" to select the best training model, and then computed the accuracy, sensitivity and specificity for each test and the ROC value; (4) finally, a comparative analysis with other related works.
Database Separation
The LIDC-IDRI database contains 1018 exams, but two factors made 185 of them unsuitable for this methodology. The first factor concerns exams that do not have nodules larger than or equal to 3 mm in diameter, since these cases do not include information that indicate the degree of malignancy of the nodule. The second factor is the divergence between information found in the marking file of the exam and information contained in the DICOM header for the same exam, which hinders the coherent use of the markings [3] . Therefore, we applied the proposed methodology to 833 exams.
All of the training bases were generated by means of the genetic algorithm (GA) ("Selection of the Best Model"). This algorithm is responsible for selecting the best nodules, thus making sure that only the most significant nodules among malignant and benign are selected to create the training model. An important factor that must be mentioned is the number of generations used until the GA stops evolving. When the fitness value repeats for 500 consecutive times (generations), the GA reaches the stop criterion.
From the 833 exams, we extracted 1405 nodules (1011 benign and 394 malignant), which were split into 80% (1124) for training and validation and 20% (281) for tests, all being randomly selected. The 20% will be used to test the final model selected by the GA. The 80% in the training base were subjected to the GA for selection of the fittest individuals (nodules). In order to select just the most significant individuals and balance the training base, the population size given to the GA was of just 70% of the base of the class with fewer elements, that is, the malignant class. This way, from the original 80% of the training base, the GA chooses only the 70% that best represent the malignant class, and this same quantity is used to perform the selection in the benign class. The rest of the nodules in the training base were used by the GA to validate the model. This procedure was applied to all the experiments conducted in our methodology. Table 2 shows the diameters of the nodules that composes the image database. As can be seen in Table 2 , the image base has several nodule sizes, allowing the proposed method to be evaluated based on the most diverse nodule stages.
Classification
The tests were carried out for each separate index, that is, each nodule was characterized by a single index (one feature per nodule). After that, another test was applied, in which each nodule was represented by all the indexes together (five features per nodule). All the tests followed the training/test scheme shown in "Database Separation." Table 3 presents all the results for these tests, as well as the parameters C and λ estimated for use in the RBF kernel of the SVM in the classification stage.
The ideal CADx system has a good balance between the three metrics used for evaluation (accuracy, sensitivity, and specificity), since a good methodology must be capable of successfully classifying both malignant and benign cases. Analyzing the results in Table 3 , based on this criterion, the best result is found for the combination of all indexes, achieving accuracy of 92.52, sensitivity of 93.10, specificity of 92.26, and an area under the ROC curve of 0.921. As the worst case, we highlight the results for the AvTD index, with accuracy of 83.90, sensitivity of 91.95, specificity of 79.38 and, finally, a ROC of 0.856.
The number of support vectors is related to the generalization capability of the methodology; the smallest the number of vectors, more generic the classification model is. Our work managed reach very significant values in all experiments. For the best result, we achieved 0.273%, that is, below 30%, representing the generalization capability of the methodology. For the worst case, we have the AvTD index, which achieved 0.485%.
Since we believe an index can identify something that another one cannot, we decided to test them all together. As one may observe in Table 3 , the combined indexes present promising values. These results prove that the indexes are complementary. Therefore, when all measures are used together, the results prove the efficacy of the methodology for diagnosing lung nodules.
The average time spent on the extraction of the characteristics was 4.5 s, with emphasis on the stage of dendrogram assembly ("Phylogenetic Tree -Dendrogram"), which consumes on average 3.8 s. The step of selecting the best model by GA consumed 2100 s (35 min) , and this step is performed only once, i.e., after the generation of the model, it is only necessary to use it by SVM. The entire methodology was developed using Microsoft Windows operating system, with the C++ programming language and hardware composed of: Intel i7 processor and 8GB of RAM memory. 
Comparison With Other Related Works
The comparison with other works in the area is a hard task because no one of the works cited in this article supplied the exams used. The only peace of information provided is the database used. So, we were unable to perform a rigorous evaluation of our method with respect to other works. Our objective with Tables 4 and 5 is to provide an overview (exam database, complexity of the methodology, etc.) of the results found in the related works and in our work. So, we intend to show that our methodology is promising, since, compared to other works, we achieved results above 93% for various types of situation: (1) diagnosis using only shape; (2) large and complex sample; and (3) several configurations of the sample for training and test.
The comparison was performed in two manners. First, in Table 4 , we compared our methodology with works that only used texture measures to form their feature vectors. In Table 5 , in turn, we present the comparison with works that used both texture and shape measures to characterize their nodules.
Comparing the best result found in our work with those presented in Table 4 , one may notice that our results are very promising, since they are either superior or equal to those which use shape measures only. Furthermore, if we take into account the number of cases analyzed, our methodology analyzed a superior quantity of nodules. Table 5 presents the results of works that used texture and shape measures for the characterization of their nodules. The works by [10, 11] present slightly superior accuracy to ours, which does not mean that they are superior, since the values of sensitivity and specificity, which tell how efficient the methodology is at detecting the presence or absence of the illness, are quite lower or even not informed. Besides, the number of cases they analyze is considerably inferior.
Discussion
The proposed methodology was evaluated by applying a set of 1405 nodules (benign and malignant) from the LIDC-IDRI database. The training set contained 80% of the base, and the remaining 20% were used for the tests with the genetic algorithm. The experimental results allowed the formulation of the following conclusions:
1. The use of the diversity indexes J, F, AvTD, TTD, and D D combined with phylogenetic trees led to good results. 2. The use of the genetic algorithm showed efficiency at the selection of the fittest individuals for creation of the best training model and to balance the classes [2] . AC accuracy, SE sensitivity, and Spe specificity 3. Regardless of the shape analyzed, we could achieve good results just by using texture for the characterization of the lung nodules, combining the diversity indexes J, F, AvTD, TTD, and phylogenetic tree. 4. The combination of all the techniques allowed a better discrimination at the classification of the nodules, reaching accuracy of 92.52, sensitivity of 93.10, and specificity of 92.26. 5. Finally, it is important to highlight that the LIDC-IDRI database is extremely complex and diversified, this is, contains countless different cases of lung nodules. This database has exams that were extracted by various tomographers, making it harder to detect, classify or even diagnose them through CAD/CADx systems.
All those items aggregate value to this methodology. The texture features of the lung nodule analyzed by the indexes J, F, AvTD, TTD, and D D combined with phylogenetic trees pooled with the genetic algorithm are behind the good results. Besides that, the complexity of the LIDC-IDRI database allows us a more reliable conclusion about the results.
Conclusion
High rates of deaths and records of lung cancer occurrences around the world demonstrate the importance of developing research in order to produce resources for early diagnosis of the disease, thereby providing a better treatment. This article presented a methodology for classification of lung nodules into malignant and benign. For such, we used the following distance-based phylogenetic diversity indexes as texture descriptors: intensive quadratic entropy, the extensive quadratic entropy, the average taxonomic distinctness, the total taxonomic distinctness, and pure diversity measure. At the end, genetic algorithm and support vector machine for classification of lung nodules into malignant and benign. The methodology proved to be a useful tool for specialist physicians.
The results demonstrate the promising performance of the techniques for analysis of texture of lung nodules based on phylogenetic diversity indexes. Another important factor is the combination of the proposed techniques and the use of the genetic algorithm, since they allow a better result at the differentiation between malignant and benign.
Finally, the methodology presented in this work might integrate a CADx tool to be applied to the detection and diagnosis of lung cancer, in order to classify the nodules in malignant and benign, thus making the analysis of exams by the specialist more agile and less exhaustive.
